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Introduction
The management of battery energy storage 
systems (BESS), in order to provide:
•	 energy market services, and
•	 electricity grid services,

comes into practice more and more.

One of the next research questions:
how to apply such a management to a 
larger number, like 100’000, of interde-
pendent BESS.

Results 2: Co-simulation framework
Applying the concepts to managing a 
fleet of BESS with:
•	 simulation for one week
•	 receding optimization horizon of 

24h

Applying the concepts shows:
•	 trade-off: optimality <-> robustness
•	 too much modeling effort may not be needed

Optimization Problem
Case study: optimal deployment of BESS in day-
ahead / intra-day market. Can be modeled as a LP:

Results 1: Performance of heuristic
Both solving LPs and the proposed heuristic scale 
linearly with number of BESS. However, a speed-
up of more than 10 is achieved with the heuristic:

The problem is well approximated by the heuristic:

Proposed model and heuristic algorithm
Possible downsides of LP model & solver: 1. “too” optimal, 2. comp. complexity.
As an alternative: opportunistic heuristic:
•	 aggregation: behavior of fleet of BESS consider by simple VPP model
•	 disaggregation: applying policy by first-fit decreasing heuristic (based on SoC)

Conclusions
The proposed heuristic may be an interesting can-
didate to manage large number of BESS, offering:
•	 speed-up of > 10 compared to LP
•	 performance within 90% of optimality

Further Information
H. Abgottspon, R. Schumann, “Scaling: Managing a large 
number of distributed battery energy storage systems”, 
submitted to Energieinformatik 2018.
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Heterogeneity of set of BESS: varying
VPP schedule to follow: maximum discharging until depleted
Disagreggation algorithm: first-fit decreasing 

Normalized VPP SoC
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Heterogeneity of set of BESS: normal set from case study
VPP schedule to follow: cyclic or random
Disagreggation algorithm: first-fit decreasing or random selection

Influence of heterogeneity of BESS parameters Influence of VPP schedule and disaggregation algorithm

normal
heterogen random vpp schedule / random disaggragation

cyclic vpp schedule
random vpp schedule
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Global Optimization Meta-Heuristic Speedup

Heuristic 1: without function
Heuristic 2: bounded SoC
Heuristic 3: linear
Heuristic 4: concave piece-wise linear
Heuristic 5: non-concave piece-wise linear

Normalized VPP SoC
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Global Optimization H1: without function H4: concave piece-wise linear


